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Outline

• Networks as scaffold for data integration
• Statistical integration

– Gene function prediction
• Database and semantic integration

– Biological pathways
• Visualizing integrated data with Cytoscape
• Example: Breast cancer classification
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Ho et al. Nature
415(6868) 2002
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Signaling Pathway

http://discover.nci.nih.gov/kohnk/interaction_maps.html



Integration in a
network context



Expression data mapped
to node colours

Integration in a
network context

Examples?
Pros and cons?



Integration in a
network context

Examples?
Pros and cons?

Advantages:
-Broader coverage
-Error reduction
Challenges:
-Must carefully match
data sets to avoid errors
e.g. different interaction
experiments
-Consider data set bias
-Consider binary vs.
discrete vs. continuous

Hwang D et al. A data integration
methodology for systems biology
Proc Natl Acad Sci U S A. 2005 Nov
29;102(48):17296-301



Predicting
Gene Function
• STRING

– http://string.embl.de/
• bioPIXIE

– http://pixie.princeton.edu/pi
xie/

• GeneMania
– http://genemania.org

arp2
arp3
arc40

Fraser AG, Marcotte EM - A probabilistic view of
gene function - Nat Genet. 2004 Jun;36(6):559-64



Gene Fusion





STRING

von Mering C et al. Nucleic Acids Res. 2003 Jan 1;31(1):258-61

x=score
a=intercept
b=cooperativity
c=half max for x



Graph Theory
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We map molecular interaction networks to graphs



Mapping Biology to a Network
• A simple mapping

– one compound/node, one interaction/edge
• A more realistic mapping

– Cell localization, cell cycle, cell type, taxonomy
– Only represent physiologically relevant interaction

networks
• Edges can represent other relationships
• Critical: understand the mapping for network

analysis



Protein Sequence Similarity Network
http://apropos.icmb.utexas.edu/lgl/



STITCH

• STITCH: Chemical-Protein Interactions
• http://stitch.embl.de/



Visualizing Time Course Data onVisualizing Time Course Data on
Pathways: Single Comparison ViewPathways: Single Comparison View

GenMAPP.org



Visualizing Time Course Data onVisualizing Time Course Data on
Pathways: Multiple Comparison ViewPathways: Multiple Comparison View

GenMAPP.org
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Vuk Pavlovic

>240 Pathway
Databases!

•Varied formats, representation, coverage
•Pathway data extremely difficult to
combine and use



Aim: Convenient Access to Pathway Information

Facilitate creation and communication of pathway data
Aggregate pathway data in the public domain
Provide easy access for pathway analysis

http://www.pathwaycommons.org

Long term: Converge
to integrated cell map
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http://pathwaycommons.org



 

Towards an Integrated Cell Map
• Semantic pathway integration is difficult

Physical entities

Relationships

Determining equivalent entities is critical



Practical Semantic Integration

 

• Minimize errors
– Integrate only where possible with high accuracy
– Detect and flag conflicts, errors for users, no revision
– Promote best-practices to minimize future errors
– Interaction confidence algorithms
– Validation software
– Allow users to filter and select trusted sources

• Converge to standard representation
– Community process

Doable: hundreds of curators
globally in >200 databases
(GDP) - make it more efficient



Using Pathway Information

Databases

Literature

Expert knowledge

Experimental Data

Accurate Pathway Model
For Simulation

Pathway
Information
(Cell Map)

Pathway
Analysis

(Cytoscape)



Cytoscape
http://cytoscape.org



Cytoscape - Network
Visualization and Analysis

• Freely-available (open-source, java) software
• Visualizing biological networks (e.g.

molecular interaction networks)
• Analyzing networks with gene expression

profiles and other cell state data
Other software: Osprey, BioLayout, VisANT, Navigator, PIMWalker, ProViz

http://cytoscape.org





Desktop

Canvas

Network overview

Network manager

Attribute browser

CytoPanels



yFiles Organic



yFiles Circular



Network Layout

• 15 algorithms available through plugins
• Demo: Move, zoom/pan, rotate, scale,

align



Create subnetwork



Create subnetwork



Visual Style

• Customized views of experimental data in
a network context

• Network has node and edge attributes
• E.g. expression data, GO function, interaction type

• Mapped to visual attributes
• E.g. node/edge size, shape, colour…

• E.g. Visualize gene expression data as
node colour gradient on the network



Visual
Style

Load “Your Favorite Network”



Visual
Style

Load “Your Favorite Expression”
Dataset



Visual Style

Map expression values to node colours using a continuous mapper



Visual
Style

Expression data mapped
to node colours



Network Filtering



Analyzing gene expression data in
a network context

• Input
– Gene expression data
– Network data

• Output
– Visual diagram of expression data on network
– Active network regions

• Outline
– Where to find network data?

• Interaction database (cPath)
• Literature associations via text mining

– Load expression data
– Identify active pathways



Interaction Database Search







Text Mining
• Computationally extract gene relationships

from text, usually PubMed abstracts
• Literature search tool, lots of network data
• BUT not perfect

– Problems recognizing gene names
– Natural language processing not perfect

• Agilent Literature Search Cytoscape plugin
• Others: E.g. iHOP

– www.ihop-net.org/UniPub/iHOP/





Cytoscape Network produced by Literature Search.

Abstract from the scientific literature

Sentences for an edge



Gene Expression/Network
Integration

• Identifier (ID) mapping
– Translation from network IDs to gene expression

IDs e.g. Affymetrix probe IDs
– Also: Unification, link out, query
– Entrez gene IDs (genes), UniProt (proteins)

• Synergizer
– llama.med.harvard.edu/cgi/synergizer/translate

• More ID mapping services available
– http://baderlab.org/IdentifierMapping



Gene Expression/Network
Integration

1. Load as attributes in
Cytoscape

2. Assign expression values
to nodes using this attribute set



Visualize
Gene Expression



Find Active Subnetworks
• Active modules

– Input: network + p-values for gene expression
values e.g. from GCRMA

– Output: significantly differentially expressed
subgraphs

• Method
– Calculate z-score/node, ZA score/subgraph, correct

vs. random expression data sampling
– Score over multiple experimental conditions
– Simulated annealing used to find high scoring

networks
Ideker T, Ozier O, Schwikowski B, Siegel AF Bioinformatics. 2002;18 Suppl 1:S233-40



Active Module Results
Network: yeast protein-protein and
protein-dna network
Expression data: 3 gene knock out
conditions (enzyme, TF activator, TF
repressor)

Note: non-deterministic, multiple runs
required for confidence of result robustness

Ideker T et al. Science. 2001 May 4;292(5518):929-34. 



Network classification of disease
• Traditional: Gene association
• Limitations: Too many genes reduces

statistical power
• New: Active cell map based approaches

combining network and molecular profiles
• http://www.connotea.org/user/ACMT

Chuang HY, Lee E, Liu YT, Lee D, Ideker T
Network-based classification of breast cancer metastasis
Mol Syst Biol. 2007;3:140. Epub 2007 Oct 16

Liu M, Liberzon A, Kong SW, Lai WR, Park PJ, Kohane IS, Kasif S
Network-based analysis of affected biological processes in type 2 diabetes models
PLoS Genet. 2007 Jun;3(6):e96

Efroni S, Schaefer CF, Buetow KH
Identification of key processes underlying cancer phenotypes using biologic pathway analysis
PLoS ONE. 2007 May 9;2(5):e425



Network-based breast
cancer classification
• 57k intx from Y2H,

orthology, co-
citation, HPRD,
BIND, Reactome

• 2 breast cancer
cohorts, different
expression
platforms

• Metastasis: 78 vs.
217 (van de Vijver)
& 106 vs. 180
(Wang)

Chuang HY, Lee E, Liu YT, Lee D, Ideker T
Network-based classification of breast cancer metastasis
Mol Syst Biol. 2007;3:140. Epub 2007 Oct 16



• Similar network
markers across 2
data sets (better
than original
overlap)

• Increased
classification
accuracy

• Better coverage
of known cancer
risk genes (*)
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